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Overview on deep learning
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Abstract: Machine learning is a discipline that involves learning rules from data with mathematical models and com-
puter algorithms. It is becoming one of the core technologies in the field of artificial intelligence, and it is useful for
many applications that require mining rules from complex data. In recent years, various deep neural network models
have achieved remarkable results in many fields, and this has given rise to an interesting new branch of the machine
learning: deep learning. Deep learning leads the new wave of studies on theories, methods, and applications of machine
learning. This article reviews the relationships and differences between deep learning and previous machine learning
methods, summarizes the key principles and typical optimization algorithms of representative deep learning methods,

and discusses some remaining problems that need to be further addressed.
Keywords: deep learning; machine learning; convolutional neural network; recurrent neural network; multilayer per-

ceptron; auto-encoder; learning algorithms; machine learning theory
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